This paper presents a model to simulate built-up expansion and densification based on a combination of a non-ordered multinomial logistic regression (MLR) and cellular automata (CA). The probability for built-up development is assessed based on (i) a set of built-up development causative factors and (ii) the land-use of neighboring cells. The model considers four built-up classes: non built-up, low-density, medium-density and highdensity built-up. Unlike the most commonly used built-up/urban models which simulate built-up expansion, our approach considers expansion and the potential for densification within already built-up areas when their present density allows it. The model is built, calibrated, and validated for Wallonia region (Belgium) using cadastral data. Three 100×100m raster-based built-up maps for 1990, 2000, and 2010 are developed to define one calibration interval (1990-2000) and one validation interval (2000-2010). The causative factors are calibrated using MLR whereas the CA neighboring effects are calibrated based on a multi-objective genetic algorithm. The calibrated model is applied to simulate the builtup pattern in 2010. The simulated map in 2010 is used to evaluate the model's performance
and White et al. (2015, 2012) model the processes of urban expansion as well as of densification. 27 They define densification as an increase in population and/or several economic sectors density. 28 One of the most popular techniques of existing urban/built-up expansion models which are 29 employed to analyze and/or predict the built-up pattern is cellular automata (CA) (e.g. 6 statistic of the proportional odds test is < 0.001. Given the assumption of having a natural 92 ordering in the dependent variable is violated, thus a non-ordered multinomial logistic regression 93 model (MLR) is adopted for this study. 94 A multi-objective genetic algorithm (MGA) is employed to calibrate the neighborhood 95 interactions on a dynamic basis. García et al., (2013) reported that the GA is one of the most The model is applied to Wallonia region, the southern part of Belgium. Wallonia occupies an 105 area of 16,844 km² and administratively consists of five provinces: Hainaut, Liège, Luxembourg, 106 Namur, and Walloon Brabant. The total population in 2010 was 3,498,384 inhabitants, 107 corresponding to one third of the Belgium population (Belgian Federal Government, 2013). The 108 population is mainly concentrated on the northern areas, following the 19th century industrial 109 axis, running from east (Liège) to west (Mons) (Thomas et al., 2008) . The rest of the territory is 110 less densely inhabited. Consequently, several densities can be easily detected in the region and 111 thus we can examine the transitions between different densities. The built-up development is 7 mainly characterized by low, slow rates, which makes the calibration of the model more difficult 113 because there is less information on the built-up process (García et al., 2012) . The expansion 114 rates were 1.18% and 0.79% from 1990 to 2000 and from 2000 to 2010, whereas the 115 densification rates were 12.18% and 9% respectively. (Table 2) . As in Xian and Crane (2005) , the table suggests that the predominant built-up 118 processes have been the development of low-density and medium-density areas. The majority of 119 the new developments have a form of built-up sprawl. This development process had resulted in 120 a highly fragmented built-up pattern. Table 1 indicates that the transitions from class-1 to class-3 121 over the study period are marginal. Thus, the densification is considered as the transitions from class-1 to class-2 and from class-2 to class-3, whereas the expansion are the transitions from 123 class-0 to classes 1, 2 and 3. 124 Table 1 . Class (column) to class (row) changes (% of the reference class).
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Class-0 Class- The (Pc)ij can be determined through a set of factors described in Table 3 
Methodology
where log(kn) is the natural logarithm of class kn versus the reference class k0, X is a set of 189 explanatory variables (X1, X2,..., Xv), is the intercept term for class kn versus the reference 190 class and is the slopes for the classes (the coefficient vector). Thus, the probabilities of each 191 class can be obtained using the following formula:
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where ((Pc)ij,Y=kn) is the probability of change from the reference class to class kn occurring in 193 cell ij. The MLR employs the maximum likelihood estimation method to achieve the best fit sets 194 of coefficients for each X. (2000):
where wkxd is the weighting parameter assigned to a cell with class k, which represents one of the 234 built-up classes listed in table 2, at position x at distance zone d and Ikxd is 1 if a cell in distance d 235 is occupied by class k or 0 otherwise. 236 Our objective is to define the CA parameters that achieve the best allocation accuracy rate for 237 the expansion process (transitions from class-0 to class-1, class-2 and class-3 simultaneously) and for the densification process (transitions from class-1 to class-2 and transitions from class-2 239 to class-3). In order to automatically calibrate the neighborhood weighting parameters, a multi- Once the initial population is generated and evaluated, the parents for the next 257 generation are selected by using a tournament procedure based on a relative fitness score. In this 258 paper, the tournament randomly selects two individuals, and the individual with the highest 259 fitness value becomes a parent. Each two parents are combined based on a crossover operator. 260 We proposed that the crossover operator generates two children that lie on the line representing 261 both parents and inherit at least 70% genes from the parent with the better fitness value. Once the 262 new generation is obtained, each child is then perturbed in its vicinity by a mutation operator that 263 adds a small random number to each gene. 264 This study tries to achieve a proper balance between exploration and exploitation ability of the The GA optimization module for the densification of class-1 and class-2 began to converge 348 when reaching iteration 56 and 50 respectively ( Figure 5 ). After 228 iterations, average 349 change in the spread of Pareto solutions for MGA was less than 0.00001. The MGA/GA 350 optimal weighting values that define neighborhood interactions are given in Figure 6 (a, b and c) . 351 The calibration shows that the likelihood of low-density expansion is highly increased by 
